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> Distribution of genetic differences among individuals  

> Genetic diversity is influenced by demography and selection 
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Inferring Evolutionary Histories 

> A challenging task! 

— Several evolutionary processes may generate similar signals (e.g. 
inbreeding and substructure) 

— The history of natural populations is usually complex 

 



Inferring Evolutionary Histories 

> A challenging task! 

— Several evolutionary processes may generate similar signals 
(e.g. inbreeding and substructure) 

— The history of natural populations is usually complex 

 

> We will see examples of: 

— Qualitative inference 

— Rejection of null model via summary statistics 

— Maximum-Likelihood parameter inference 

— Bayesian parameter inference 

 



Qualitative Inference:  
Refugia from Phylogenetic Tree 

> Monophyletic CytB clades show 
geographic structure 

> Evidence of expansion in several clades 

Miraldo et al., 2011 



Qualitative Inference:  
Human Expansion Out of African  

> Evidence for sequential founder effect: Heterozygosity decays with 
increasing distance from East Africa 

Ramachandran et al., 2005 



Qualitative Inference 

> Patterns of genetic diversity may serve as evidence for or against 
demographic models 

> Such models are usually vague 

— „Six refugia, followed by expansion with secondary contact“ 

— „Serial founder effects“ 

> While the evidence may be strong, the argument remains verbal 
and is potentially subjective to interpretation 
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> But: Qualitative inference is key when constructing sensible models! 

Model-based inference provides statistical support 



Rejection of a Null Model 

> The same as hypothesis testing in frequentist statistics: 
 
A null model M is rejected using a summary statistics s if  
 
          p(s|M) < α 

 

> This approach requires: 

— a null model M 

– Traditionally an isolated Wright-Fisher population of constant size 

— a summary statistics s 

— significance level α 

– Traditionally 0.05 

 



Rejection of a Null Model: F-Statistics 

> FST is used to reject a single panmictic population in favor of a 
specific structure 

> FIS is used to reject a panmictic population in favor of non-random 
mating (inbreeding or substructure) 

 

> The significance of F-Statistics is usually assessed usign 
permutation or randomization approaches 

 

> Software:  

— Arlequin  

— FSTAT  

— many others! 



Rejection of a Null Model: F-Statistics 
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Wegmann & Excoffier, MBE, 2010 



Rejection of a Null Model: Tajima‘s D 

> Tajima‘s D compares two estimates of θ=4N  of a Wright-Fisher 
population of constant size: 

— one derived from the number segregating sites S 

— one derived from the average number of pairwise differences  

> These estimates differ when assumptions of the Wright-Fisher 
population are violated 

> An expanding population, for instance, leads to a negative D 
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Rejection of a Null Model: Tajima‘s D 

> Tajima‘s D compares two estimates of θ=4N  of a Wright-Fisher 
population of constant size: 

— one derived from the number segregating sites S 

— one derived from the average number of pairwise differences  

> These estimates differ when assumptions of the Wright-Fisher 
population are violated 

> An expanding population, for instance, leads to a negative D 

 

> Significance is usually assessed via simulations 

 

> Software:  

— Arlequin  

— many others! 

 

 



Likelihood Function 

> DNA samples from a constant population 

 

 

 

 

 

> Likelihood: probability of data D given parameters θ 

 

 

 

> Maximum-Likelihood: Find θ  that maximizes P(D | θ) 

 

(      )  

AGCTTCAC 
AGATTCAC 
AGCTTCGC 

P 

population size DNA sequences 

P(D | θ) 

Likelihood 



Likelihood Function of Summary Statistics 

> Analytically solving the likelihood function for demographic is 
usually very hard and often impossible 

> One trick is to solve the likelihood for summary statistics S  

 

 

 

 

 

 

> The hope is that P(D | θ) is proportional to P(S | θ)  

— which is true for this simple model 

Watterson, Theor. Popul. Biol., 1975 

Data Summary Statistic 

2 segregating sites 
AGCTTCAC 
AGATTCAC 
AGCTTCGC 



Likelihood Function of Summary Statistics 

> Given a genealogy, the likelihood of entry x of the allele frequency 
spectrum is given by 

— Lx: total length of all branches with x descendants 

—  : mutation rate 

 

 

 

 

 

 

 

 

 

 

 

Wakeley and Takahashi, MBE, 2002; Coventry et al. Nat.Com. 2010 



Likelihood Function of Summary Statistics 

> Given a genealogy G, the likelihood of entry x of the allele 
frequency spectrum is given by 

— Lx: total length of all branches with x descendants 

—  : mutation rate 

 

> Thus the likelihood of x is given by 
 
where  is the set of all possible genealogies 

 

> Unfortunately, the set of possible genealogies  is HUGE 

 

 

 

 

 
Wakeley and Takahashi, MBE, 2002; Coventry et al. Nat.Com. 2010 

Monte-Carlo sampling of genealogies 



Likelihood Function of Summary Statistics 

> Monte-Carlo sampling of genealogies 

— Sample a genealogie Gi from  

— Compute  

—  Repeat many times and take average 

 

Wakeley and Takahashi, MBE, 2002; Coventry et al. Nat.Com. 2010 



Likelihood Function of Summary Statistics 

> Fitting a growth model to a sample of 
11,000 Europeans sequenced at 202 
genes 

Wakeley and Takahashi, MBE, 2002; Coventry et al. Nat.Com. 2010 

Log10(Nmodern) 



Bayesian Framework 

> DNA samples from a constant population 

 

 

 

 
 

> Given the population size, it is possible to calculate the probability 
to observe some DNA sequences. 

 

 

 

> Is it possible to calculate the probability of population size, given a 
sample of DNA sequences? 
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Bayes Theorem 

> Given data D and parameters θ 

 

 

 

 

 

 

> In contrast to Maximum-Likelihood, we are interested in the whole 
posterior distribution P(θ | D) 

> Getting the posterior distribution analytically is usually very 
difficult and often impossible. 

 

 

 

 

population size DNA sequences 

Prior Posterior 

P(θ | D)  P(D | θ) P(θ)  

Likelihood 

Reverend Bayes, 1761 

Markov Chain Monte Carlo (MCMC) 



Bayesian Inference: Example  

> IM estimates parameters of an 
isolation with migration model 

> Latest version supports an 
arbitrary number of populations 

> However, estimating many 
parameters requires huge 
amounts of data 

— so far only applied to 3 
populations or 4 populations 
without migration 

> The MCMC  is generally slow to 
converge, especiall with many 
populations 

 

Beaumont, Genetics, 1999; Girod et al., Genetics, 2011 



Bayesian Inference: Example  

> msVAR: posterior distribution for a population size change model 
from microsatellites using MCMC 

> Infers bottleneck if sample is drawn from a structured populations 

Beaumont, Genetics, 1999; Peter, Wegamnn & Excoffer, Mol. Ecol. 2010 

P(a<1) 



Model-Mispecification  

> msVAR: posterior distribution for a population size change model 
from microsatellites using MCMC 

> Powerful if event was strong (>10 fold) and not too recent (>10 gen.) 

> Infers bottleneck if sample is drawn from a structured populations 

 

 

> It is challenging to come up with a good model. The most accurat 
models are usually too complex to be estimated. 

Beaumont, Genetics, 1999; Peter, Wegamnn & Excoffer, Mol. Ecol. 2010 

Parameter inference is wrong if model is wrong! 

Essentially, all models are 
wrong, but some are useful 

George E. Box 



How to choose a model? 

> A good demographic model: 

— Captures the important features that shaped genetic diversity 

— Has a small number of parameters (best if < 10) 

 

> How to choose among competing models? 

 

— Likelihood –ratio test 

  

 Malt is model with more parameters 

 D is 2 distributed with df = differences in number of parameters 
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— Captures the important features that shaped genetic diversity 

— Has a small number of parameters (best if < 10) 

 

> How to choose among competing models? 

 

— Likelihood –ratio test 

  

 Malt is model with more parameters 

 D is 2 distributed with df = differences in number of parameters 

 

— Bayes factor 

 

 

  
 



Bayesian Inference: Example  

> msVAR uses Bayes factors to contrast a model of constant size with a 
population size change model 

> Powerful if event was strong (>10 fold) and not too recent (>10 gen.) 

Beaumont, Genetics, 1999; Girod et al., Genetics, 2011 

N0=100 N0=100 N1=100 N1=100 



Concolusion Part I  

> Qualitative inference is key when constructing sensible models 

> Model-based inference provides statistical support 

 

> Examples of existing methods 

— Rejection of null model  

— Maximum Likelihood inference  

— Bayesian Inference 

 



Concolusion Part I  

> Likelihood functions are often hard / impossible to get 

— Using likelihood Function of Summary Statistics 

 

 

 

 

> Many processes can be simulated, even when analytical 
likelihood functions are impossible to get 

> Approximate Bayesian Computation is a way to approximate 
the lieklihood function with simulations 

Model-based inference without likelihoods 



Approximate Bayesian Computation 
 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Data Summary Statistic 

2 segregating sites 
AGCTTCAC 
AGATTCAC 
AGCTTCGC 

Define Summary 

Statistics 



Approximate Bayesian Computation 

Define Summary 

Statistics 

Perform Simulations 



Approximate Bayesian Computation  
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Approximate Bayesian Computation  
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Approximate Bayesian Computation  
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Reject Simulations 

Estimate Posterior 



Post-sampling Adjustment ABC-REG  
 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Define Summary 

Statistics 

Perform Simulations 

Reject Simulations 

Post-sampling 

Adjustment 

Estimate Posterior 

Beaumont et al., Genetics 2002 



Approximate Bayesian Computation 

Define Summary 

Statistics 

Perform Simulations 

Reject Simulations 

Post-sampling 

Adjustment 

Estimate Posterior 

PLS 



How to choose Summary Statistics? 

> ABC requires summary statistics to be sufficient for the parameters 

> However, most summary statistics contain only partial information 

— Hence it is tempting to use any imaginable summary statistics  

 

> But Too many summary statistics are problematic: 

— often highly correlated 

— add noise to the distance 

— absolute likelihood is reduced 

 

> How to choose summary statistics? 

— Search informative linear combinations 

> Partial Least Squares (PLS) 

 

Wegmann et al., Genetics 2009 



Validation Proceedure 

Choose parameter θ* 

randomly from prior 

Perform ABC estimation 

of the posterior P(θ | D*) 

Record posterior quantile 

of true parameter θ* 

Simulate data D* from θ*  

true parameter θ*  

Wegmann et al., Genetics 2009 



Validation Proceedure 

Choose parameter θ* 

randomly from prior 

Perform ABC estimation 

of the posterior P(θ | D*) 

Record posterior quantile 

of true parameter θ* 

Simulate data D* from θ*  

Wegmann et al., Genetics 2009 



PLS Transformation is beneficial 

> PLS transformation allowes unbiased estimation in an IM model 

 

Wegmann et al., Genetics 2009 

10 PLS components p=0.193 

37 summary statistics p<10-12 



How to choose Summary Statistics? 

> Algorithms for choosing an optimal subset of summary statistics 

— excluding summary statistics that don‘t influence the posterior 
distribution (Joyce and Marjoram, 2008) 

— minimizing entropy of the posterior distribution (Nunes & Balding, 
2010) 

— minimizing estimation errors (Nunes & Balding, 2010) 

 

> Downsides when compared to PLS 

— Do not allow for linear combinations 

— Some are data specific (harder to validate) 

— Harder to implement 

 

> But: may outperform PLS in some situations 

 



Approximate Bayesian Computation 

Define Summary 

Statistics 

Perform Simulations 

Reject Simulations 

Post-sampling 

Adjustment 

Estimate Posterior 

PLS 

ABC-MCMC 



MCMC without likelihoods 
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Propose new Parameter Value 

Perform Simulation 

Compute Distance δ   

Accept according to prior 

no 

yes 

Marjoram et al., PNAS 2003 

δ < threshold 
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MCMC without likelihoods 
P
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Performance depends on 

proposal range and threshold 

Marjoram et al., PNAS 2003 

Propose new Parameter Value 

Perform Simulation 

Compute Distance δ   

Accept according to prior 

no 

yes 

δ < threshold 

 



ABC-MCMC 

> Goal: self-adjustable parameterization 

 

> Calibration simulations to 

— choose proposal range and threshold 

— calculate moments to standardize the statistics 

— choose good starting position 

 

> MCMC-WL chains with two parameters: 

— Threshold: fraction ε of simulations with smallest distances 

— Proposal range: fraction  of the SD of a given parameter 

 

  

 

 Wegmann et al., Genetics 2009 



ABC-MCMC 

> Goal: self-adjustable parameterization 

 

> Calibration simulations to 

— choose proposal range and threshold 

— calculate moments to standardize the statistics 

— choose good starting position 

 

> MCMC-WL chains with two parameters: 

— Threshold: fraction ε of simulations with smallest distances 

— Proposal range: fraction  of the SD of a given parameter. 

 

  

 

 

 =1 and ε=0.01 optimal for various models 

Wegmann et al., Genetics 2009 



Comparing ABC and ABC-MCMC 
 

 

 

 

 

 

 

 

Wegmann et al., Genetics 2009 

ABC 105 

ABC-MCMC 105 

ABC 5*106 



Comparing ABC and ABC-MCMC 
 

 

 

 

 

 

 

 

ABC-MCMC is very efficient 

Wegmann et al., Genetics 2009; 100 replicates 

Estimation 

Error 

ABC 5*106 0.86 

ABC-MCMC 105 0.83 

ABC 105 

ABC-MCMC 105 

ABC 5*106 



Comparing ABC and ABC-MCMC 
 

Estimation 

Error 

ABC 5*106 0.86 

ABC-MCMC 105 0.83 

ABC 5*106 0.84 

ABC-MCMC 105 0.84 

ABC 105 

ABC-MCMC 105 

ABC 5*106 

Wegmann et al., Genetics 2009; 100 replicates 

ABC-MCMC is very efficient 



ABC-MCMC 

> An ABC-MCMC run is data specific 

> In contrast, simulations from rejection sampling can be reused for 
other data sets 

 

 

 

> ABC-MCMC is only advisable to use when 

— The ABC has been validated before 

— it is hybridized with conventional MCMC (see below) 

 

 

 

 

 

Validation of ABC-MCMC is computationally demanding 



Approximate Bayesian Computation 

Define Summary 

Statistics 

Perform Simulations 

Reject Simulations 

Post-sampling 

Adjustment 

Estimate Posterior 

PLS 

ABC-MCMC 

ABC-GLM 



Post-sampling Adjustment ABC-REG 

Leuenberger & Wegmann, Genetics 2009 



Post-sampling Adjustment ABC-REG 

Leuenberger & Wegmann, Genetics 2009 

ABC-REG does not respect the prior!  



Post-sampling Adjustment ABC-GLM 

P(θ | D)  P (D | θ) P (θ)  

truncated prior 

Leuenberger & Wegmann, Genetics 2009 

truncated likelihood 



Post-sampling Adjustment ABC-GLM 

Leuenberger & Wegmann, Genetics 2009 

P(θ | D)  P (D | θ) P (θ)  

truncated prior 

truncated likelihood 

estimated from 

parameter sample 

assumed to be a GLM 



Post-sampling Adjustment ABC-GLM 

Leuenberger & Wegmann, Genetics 2009 

> ABC-GLM does respect the prior  

> ABC-GLM offers an estimate of the likelihood 

— And hence allows model choice via Bayes factors, model averaging, ... 

 



Application to chimpanzees 

 

 

 

 

 

 

 

> 78 individuals from four populations 

> 265 microsatellites and 26 DNA segements of ~ 800bp 

 

> Specifically reproduced missing data and substructure (FIS) 

 

Western 

Central 

Eastern 

Bonobo 

Wegmann & Excoffier, MBE, 2010 
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> 78 individuals from four populations 

> 265 microsatellites and 26 DNA segements of ~ 800bp 

 

> Specifically reproduced missing data and substructure (FIS) 

> Most complex model I ever played with (24 parameters) 

Western 

Central 

Eastern 

Bonobo 

Wegmann & Excoffier, MBE, 2010 



Application to chimpanzees 

> Divergence of the Bonobo 
was non-instantaneous 

 

Western 

Central 

Eastern 

Bonobo 

Wegmann & Excoffier, MBE, 2010 



Application to chimpanzees 

> Central chimpanzees 
ancestral of all common 
chimpanzees 

 

Western 

Central 

Eastern 

Bonobo 

Wegmann & Excoffier, MBE, 2010 

Western 

Eastern 

Central 

Western-Central-Eastern 

Central-Eastern 



ABC-GLM with Independent Loci 

> Loci assumed to be independent  

 

 

> Therefore 

 

 

> We simulate a single locus to estimate the GLM 

 

 

> Computational costs reduce to  

Thalmann et al., BMC Evolutionary Biology, 2011 



Application to Cross River gorillas 

> Highly endangered subspecies with < 300 individuals 

> 7 microsatellites  

> 11 ancient, 68 current Cross River and 60 western gorillas 

Thalmann et al., BMC Evolutionary Biology, 2011 



Application to Cross River gorillas 

> Population split with gene flow more likely than admixture 

Thalmann et al., BMC Evolutionary Biology, 2011 



Application to Cross River gorillas 

Thalmann et al., BMC Evolutionary Biology, 2011 

> Gene flow ceased recently, probably at onset of bottleneck 

> High levels of gene flow Cross River ↔ Western gorillas 

> Strong recent bottleneck in Cross River gorillas (~45 times) 

 



Issues with ABC Model Choice 

> The Bayesfactor is given by 

 

> The model likelihoods with summary statistics are given by 

 
 

>  As a consequence 

 

Robert et al., PNAS, 2011 



Empirical calibration of Bayesfactors 

> Contrasting IM models 
among Rosefinches 

> We used simulations to 
empirically calibrate 
Bayesfactors 

— Empirical calibration 
suggests overconfidence 



Body Size Evolution among Carnivores 

> Is the rate of body size evolution elevated among Pinnipedia 
(seals, sea lions & walrusses) compared to other carnivores? 

— Trait evolution assumed to follow a Brownian process 

 

> We used ABC to contrast 
two models on an 
incompletely sampled tree 

— a single evolutionary rate 

— a different rate among 
Pinnipedia 



Body Size Evolution among Carnivores 

> Since the models are nested, we used 
 

 

 

 

 

 

 
 

 

> Too conservative / biased towards a lower Pinnipedia rate 

> Empirical calibration greatly improved the test statistics 

 

Type I error Power 



Body Size Evolution among Carnivores 

> We find no evidence for an elevated rate among Pinnipedia 
(p=0.55), despite considerable power. 

 

 

 

 

 

 
 

 

 



Summary ABC 

> PLS offers a generic way to choose summary statistics 

> ABC-MCMC is much more efficient than rejection sampling 

— But harder to validate 

 

> ABC-GLM approximates the true posterior distribution 

> ABC-GLM integrates into the Bayesian framework 

 

> Sucessful inference of complex demographic histories 

> Empirical calibration of model choice approaches is possible 

 

> ABCtoolbox: an easy to use pipeline for ABC inference 

 



 


